Background: Targeted food pricing policies may improve population diets. To assess their effects on inequalities, it is important to determine responsiveness to price changes across income levels and ethnic groups.
Introduction
Good nutrition is essential for health [1] . A number of leading bodies have advocated fiscal policies to improve the nutritional quality of diets consumed, raise revenue to support population health interventions, and send a clear message to consumers about which foods are healthier [2, 3] . In recent times Denmark introduced a saturated fat tax (now revoked), Hungary a ''junk food'' tax, and France a tax on soft drinks. In the United States, 40 states implement small sales taxes on sweetened drinks. Recent reviews suggest such health-related food taxes and subsidies are likely to shift consumption in the desired direction and improve health [427] .
The impact of changes in food prices on consumer demand is estimated using price elasticities. Price elasticity (PE) of demand measures the percentage change in purchased quantity or demand with a 1% change in price [8] . Own-PE refers to changes in demand for a food due to changes in its own price; cross-PE refers to changes in demand for a food in response to price changes in another food [8] . Because food is a necessity, it is generally believed that demand for food is relatively price 'inelastic', i.e. changes in price have a relatively small effect on the quantity purchased.
One concern regarding food taxes and subsidies is that unintended compensatory or displacement impacts could undermine their health objectives. For example, a subsidy on fruit and vegetables should increase purchases of fruit and vegetables (own-PE). However, consumers might also purchase more of other foods high in saturated fat and sodium because of cross-PE effects or because the subsidy raises their incomes. Another concern is that taxes are potentially regressive by disproportionately affecting lower-income households who spend a greater proportion of their household budget on food [9] . However, targeted taxes would affect households according to spending on individual items, not food spending overall. They could even have greater impacts on the health status of lower-income groups if their diets were improved more than those of higher-income groups, because of greater price sensitivity [10] .
In New Zealand, significant ethnic and socioeconomic disparities exist for nutrition-related causes of death [11213] . Information on the effects of food prices on consumer demand and differences across income levels and ethnic groups is therefore essential to estimate the effects of fiscal food policies on population health and inequalities. There is limited international evidence on the sensitivity of low-income populations to price changes [14] , and a recent review highlighted the absence of data on responsiveness to food prices by culture or ethnicity [15] . A priori, we would expect that food demand elasticity would be greater amongst lower-income groups [16] , consistent with the evidence for tobacco [17] .
We aimed to estimate the effects of price changes on consumer demand for major commonly consumed food groups. Our goal was to provide a comprehensive summary of food demand and consumption behaviour, with particular attention to differences in price effects across income levels and ethnic groups.
Methods

Data sources
We used the following datasets to estimate own-price and crossprice elasticities for major food groups commonly consumed in The HES is conducted triennially and the target population is the usually resident population aged 15 years and over living in private dwellings. Data are collected using a household demographic questionnaire and an expenditure questionnaire that records larger purchases and regular payments made by a household over the previous 12-month period. Each eligible person in participating households is also asked to complete an expenditure diary recording all daily spending over a period of two weeks. Each HES is carried out over a full 12-month period. The 2006/07 HES included 2,902 households, while the 2009/10 HES included 3,126 households. Data from the two surveys were aggregated and used to develop PE values for New Zealand. Together these data included recorded household expenditures on 2,182 products, including 552 food items.
Whilst HES reports household expenditure on food it does not record the price of purchased foods which is an essential variable for demand analysis. We therefore derived food price information from the FPI. The FPI measures the change in food prices faced by households across New Zealand over time. Prices for a basket of 176 representative food items are collected monthly from 15 centres. The reference population for the FPI mirrors the target population for HES. Food pricing data from the 15 centres are aggregated to provide average monthly prices for six regions: Auckland, Canterbury, Wellington, North of the North Island, Rest of the South Island, and Rest of the North Island. The regional and monthly data provided the price variation required for the econometric analysis.
Data matching
Overall HES recorded 552 food items whereas FPI provided price information for only 176 food items. For the remaining 376 foods in HES, we assumed their price to be the average weighted price of their counterparts in the same 'within-class' level.
FPI food categories could be readily matched with HES at food category and within-class level. For example, the HES food category 'Fruit and Vegetables' had a class level of 'Fruit' and within-class levels of 'Citrus Fruit', 'Bananas', and 'Apples and Pears'. Matching of FPI data to HES data was undertaken as follows: (1) HES expenditure data were aggregated to the withinclass level; (2) for products in both FPI and HES matching was undertaken using the common 'within class' product code across months and regions; and (3) for HES products not in the FPI, their prices were assumed to be the average prices of their counterparts within the same food class by regions and months. Prices were weighted by average quantity purchased (g or mL). Quantities were calculated using price per kg/L and total expenditure for the corresponding food group.
The aim was to develop own-PEs and cross-PEs for 24 food groups. The 24 food groups were chosen based on the following key parameters: 1) available FPI food group data; 2) a range of promising fiscal regimens (selected food taxes and subsidy policies) selected for exploration in subsequent analyses; and 3) identification of food groups that were major contributors to the nutrients/ foods targeted by the selected fiscal policies. Expenditure and consumption of within-class food products were aggregated to the 24 food groups' level for each household. The prices for each food group were calculated as the ratio between expenditure and quantity, which was essentially the quantity weighted average FPI price of the within-class level products. This is a common approach in demand analysis literature [18, 19] . Price was calculated as unit value.
As data were used from both 2006/07 and 2009/10 HES surveys, deflators were applied to food prices, food expenditure, and household income. For food prices and expenditures, we used Statistics New Zealand's monthly aggregate food price index as a deflator. Prices and food expenditures were deflated to their value in June 2006. Household incomes were deflated using Statistics New Zealand's Quarterly Consumer Price Index (CPI). Household incomes were deflated to their value in June Quarter 2006.
Estimation of food price elasticities
To estimate food price elasticities, we used the linearized version of the Almost Ideal Demand System (LA/AIDS) methodology [20] , the mainstay of household demand systems estimation of various expenditure items [21] . As is common in the literature, the basic LA/AIDS model was extended by including demographic variables (household type and size dummies; household ethnicity dummies based on ethnicity of household head; region dummies; month dummies; and income. Since the HES expenditure diary only covers two weeks, expenditure on some food items, such as rice and flour, may be zero for some households during this period. This would lead to inconsistent estimation if the censored nature of the data were not taken into account. Censored data (zero expenditure) was therefore dealt with in a two-stage analysis [22] by integrating the Heckman selection procedure into LA/ AIDS model [23] . The first stage involved using a probit model to estimate individual households' decision on whether to buy a food product or not; an inverse Mills' ratio was then calculated for each household and product. At the second stage, the inverse Mills' ratios were included as independent variables in the demand system estimation, and the calculation of price elasticities has also taken this into account. Robust standard errors for the coefficients were obtained using 400 bootstraps.
Household ethnicity was classified according to the ethnicity of the household head, defined as the person who completed the household demographic questionnaire. Households were classified by income based on Statistics New Zealand's decimal classification. Quintile 1 in our analyses corresponds to Statistics New Zealand's decimal 1 and 2 (lowest) categories, quintile 2 to decimal categories 3 and 4, and so forth. Food price elasticities were computed individually for each ethnic and income group. The dataset was disaggregated into ethnic and income subsets, and the demand system was estimated separately for each subset.
Income and ethnic differences in own-PE were quantified as follows. Income: For each food group, we ran an inverse-variance weighted ordinary least squares regression of the five quintile ownPEs (dependent variable) by the income quintiles' relative position on a continuous scale (0 for highest income quintile, 0.25 for second quintile,…, and 1.0 for lowest income quintile). Accordingly, the regression coefficient gave the estimated difference in own-PE between the middle of the lowest income quintile and the middle of the highest income quintile. Second, we calculated ratios using regression predictions for the lowest to highest income quintile. Third, we calculated average absolute differences in own-PE between the lowest and highest income quintiles across all food groups, and the 95% confidence intervals for this average assuming (by necessity) no covariance in the beta coefficients from the separate models. Fourth, we calculated the geometric mean of the ratios across food groups. Ethnicity: For the Māori: non-Māori comparison, we calculated the equivalent of the income measures, but without the need to to use regression methods. In 2006/07 average annual household food expenditure was $7,630 (11% of income) and in 2009/10 it was $9,220 (12% of income). Food expenditure as a proportion of household income varied more than three-fold across income levels, comprising only 8% of income for households in the top quintile of income (5) in 2009/10 compared with 26% for those in the lowest quintile (1; Table 2 ). The top five food groups for expenditure were ready to eat (takeaway) foods (14% of expenditure share); grocery foods not otherwise classified (11.5%); restaurant food (8%); vegetables (7%); and milk, yoghurt and eggs (6.5%) (Figure 1) . Table 3 reports the average food prices (by food group) paid by New Zealand households during each HES survey period and pooled across the survey periods. Little variation was evident in mean prices between survey years (on average 2009/10 inflationadjusted prices were about 8% lower than in 2006/07). The variability (standard deviation) in food class price represents variation within each food group, and across survey periods, and six aggregated regions (see footnotes to Table 3 ). There was good variability in prices for econometric modelling of PE. However, there was also high variability within survey years, particularly for sauces, sugar and condiments; chocolate, confectionary and snacks (2010 only); ice cream; and non-alcoholic beverages. Possible reasons for this variability include store-to-store and region-toregion price variation, variation over the 12-month survey period, and product category aggregation (for example, the sauces, sugar and condiments class covers a range of diverse products with dissimilar prices).
Own price elasticity (PE) estimates
Food price elasticities were estimated individually for 2006/07 and 2009/10 by running the AIDS model separately for each survey period. Data from both surveys were also aggregated to calculate combined estimates. PE estimates were largely consistent between survey years; however large differences were evident for a few categories, namely pastry cook products, butter, other grocery food, and energy drinks. Overall mean own-PE estimates (weighted average of both survey estimates) and their 95% confidence intervals (95% CI) are presented in Figure 2 . Aside from pork (PE 24.24) and 'grocery food not otherwise classified' (PE 20.22), own-PE values spanned a range from 20.44 (ready to eat food; inelastic) to 21.78 (poultry; elastic). The average standard error (SE) across all own-PEs was 0.14. Nine food groups had own-PEs greater than 21 (i.e. closer to 0) with 95% CIs excluding 21 (i.e. consistent with customary characterisation of the demand response to food prices as inelastic). Twelve groups had own-PEs less than 21 (i.e. elastic), of which eight had 95% CIs excluding 21.
A number of PE values should be treated with caution, specifically pork (mean PE 24.24, SE 0.45); butter (mean 20.91, SE 0.39); energy drinks (mean 21.34, SE 0.91), and carbonated 
PE estimates by income level
The effects of income level on demand elasticity are presented in Table 4 . Across most food groups demand was more elastic among low-income households, indicating these households are more sensitive to price changes. Weighted OLS regressions of the quintile PE estimates are presented in the penultimate column of Table 4 . Excluding the outlier of 'energy drinks', nine of the 23 food groups had statistically significant stronger own-PEs for the lowest versus highest income quintile (i.e. 95% CI excluded the null of zero difference by income), with the average regressionbased difference being 20.30 (95% CI 20.62 to 0.02).
The final column of Table 4 shows the regression-based ratio of own-PE for the lowest compared to the highest income quintile. Averaged across food groups (geometric mean; excluding the undefined ratios for 'Energy Drinks' and 'Pastry Cook Products'), the own-PE was 40% stronger among low-compared to highincome quintiles.
PE estimates by ethnic group
The variations by ethnicity in demand elasticity are presented in Table 5 . Differences in estimated PEs were evident between Māori, non-Māori, and non-Māori non-Pacific (predominantly European) households, although estimates were often unstable due to small numbers. Nevertheless, there was a pattern across food groups of greater demand elasticity among Māori households. For example, six of the 24 absolute differences in own-PEs between Māori and non-Māori were statistically significantly stronger among Māori (i.e. 95% CI excluding the null). A separate analysis where interaction terms between prices and ethnic groups were included in the same regression and a t-test was conducted to compare the coefficients of different interaction terms produced very similar results (data not shown). Excluding the outlier 'Energy Drinks', the average difference across the 23 food groups was 20.26 (95% CI 20.52 to 20.00). The final column of Table 5 shows the ratio of the Māori to non-Māori own-PE. Averaged across food groups the own-PE was 25% stronger amongst Māori compared to non-Māori (15% excluding 'Energy Drinks').
Cross-PE estimates
Estimation of cross-PEs enables assessment of likely betweencategory shifts in food purchasing in response to price changes that could support or undermine the health objective of a food tax or subsidy. Larger cross-PEs indicate that non-targeted foods are suitable complements or substitutes for targeted (taxed/subsidised) foods, and thus there is a higher likelihood of compensatory purchasing as prices shift. Total population cross-PE estimates and standard errors are presented in Table 6 .
The average cross-PE value was 0.014 and 5th, 25th, median, 75th and 95th percentiles were 20.22, 20.05, 0.00, 0.07 and 0.27 respectively. Of the 552 cross-PEs, absolute values for 170 (31%) were greater than 0.10, 70 (13%) greater than 0.20, and 36 (6.5%) greater than 0.3. 293 (53%) cross-PEs had a 95% confidence interval excluding 0, and so can be considered ''statistically significant'' (shaded cells in Table 6 ). Taking into account magnitude of cross-PE values and their statistical and public health significance, cross-PEs of greatest potential importance include those between fruit and cakes/biscuits (20.32 (SE 0.04)), fruit and ready-to-eat food (20.22 (SE 0.04)), vegetables and cakes/biscuits (20.24 (SE 0.02)), and cheese/cream and ready-toeat food (20.31 (SE 0.05)). Of note is that all these cross-PEs were less than zero, indicating that the products are complements i.e. as the price of one rises, purchases of both decrease. Conversely, if the price of one product decreases, purchases of both will increase.
Discussion
Own-PE estimates (with two exceptions) for 24 food groups in New Zealand ranged from 20.44 to 21.78. Cross-PE estimates were small, with an average absolute value of 0.11. Differences were evident across income levels and ethnic groups. Averaged across 23 food groups, the own-PE was 20.30 stronger in the lowest compared to highest household income quintile, and 20.26 stronger amongst Māori compared to non-Māori.
Our PE estimates are generally higher than those from comparable countries. A review of 160 US-based studies between 1938 and 2007 reported food PEs ranging from 0.27 (95% CI 0.08, 0.45) to 0.81 (95% CI 0.56, 1.07), with food away from home, soft drinks, juice, and meats most responsive to price changes [15] . United Kingdom (UK) food PEs over the period 1988 to 2000 ranged from 20.17 (SE 0.15) to 20.94 (SE 0.10), and cereals and cereal products, fresh fish, and sugar and preserves were most responsive to price changes [24] . Pooled data from 114 countries described a narrow range of PEs for high-income countries from 20.14 (meat) to 20.36 (bread and cereals) [25] . Demand response to food price changes was larger in poorer countries however: comparable food PE ranges were 20.30 to 20.68 for middle-income countries, and 20.43 to 21.01 for lowincome countries [25] . A recent meta-analysis of own-PE data from 162 countries also reported a similar pattern: PE values ranged from 20.36 to 20.77 in high-income countries compared with 20.54 to 20.95 in low-income countries [16] . Earlier New Zealand PE estimates for seven food groups based on 1996 expenditure and price data spanned a narrow range from 20.22 (bread and cereals) to 20.47 (fish) [25] . However, analysis of data from two Australian food expenditure surveys covering the period 1998 to 2004 reported own-PEs that ranged from 20.23 (milk) to 22.66 (rice), with values approximating or exceeding 21.0 for 10 of the 15 food categories examined [26] .
There are a number of potential explanations for our higher NZ PE estimates. The first is that differences in estimates reflect the highly diverse methodologies used to derive PEs for different countries. Key differences in years of data collection; population sample sizes; numbers and types of food categories analysed; data quality and availability; and types of demand models used could explain much of the variability observed.
A related reason may be the comparatively small population sample and short measurement period from which the New Zealand estimates were derived. Our PE estimates were derived from two national household expenditure surveys (6,028 households) over the period 2006 to 2010. Whilst these were the best datasets available nationally for this purpose they were smaller than those in many other countries (e.g. the UK PEs were based on data from almost 93,000 households over a 15-year period). Importantly NZ household expenditure surveys do not record food price and purchase quantities (just expenditure) so price and quantity were derived from food price index data. This may have introduced some bias. If our method underestimated the true variability in food prices that consumers were exposed to, then we will have attributed consumption changes to 'smaller-that-actual' price changes, and thus overestimated PEs. However, if two products are close substitutes, then variations of the two prices tend to be correlated [27] .
However our relatively higher PEs may be plausible for the following reasons: 1) New Zealand is a major food producing country, meaning consumers have good access to discounted food produce (e.g. fresh seasonal produce sold at discounted prices) and local farm-and home-grown produce/meat, i.e. substitute goods are accessible, increasing PEs; and 2) lower per capita income levels compared to other high-income countries means consumers are likely to be more responsive to food price changes. This is supported by an analysis of international data that ranked New Zealand tenth of 32 high-income countries based on ascending per capita real income levels (i.e. bottom one third) and reported food PE estimates for New Zealand that, for six of seven food groups examined, were 432200% higher than the average for all highincome countries [25] .
Strengths and limitations
Our analyses comprise the most comprehensive food demand elasticity data available for New Zealand, which may be used as inputs in future work to forecast national food demand and supply and simulate effects of different government fiscal food policy options. Strengths include our use of food expenditure data from all major regions across a five-year period (2006 to 2010), which provided good price variability and enabled robust PE estimates for most food groups. We also provide measures of variability for own-PE and cross-PEs, indicating the precision and reliability of our estimates.
Significantly, ours is one of only a handful of studies that examined effects in food demand price elasticity by income level and ethnic group. One US study reported little difference in ownprice elasticities between income groups for 12 food commodity categories [28] , although a more recent analysis of US household dairy demand using 2007 scanner sales data found a significant effect of household income on dairy food purchases [29] . To the best of our knowledge only one other study has examined effects of ethnicity on food demand price elasticity, although ethnicity was not self-reported but was a proxy based on place of birth. Ulubasoglu et al reported that households with Australian-born heads had higher own-price elasticity for rice and more elastic demand for pork and dairy products compared to households whose heads were born overseas [26] .
Nevertheless our analysis had limitations, specifically the absence of food price and quantity data in the HES survey dataset, and the relatively small population sample and short measurement period, which led to some unreliable PE values. Another limitation of our national expenditure datasets (in common with those for most countries) was aggregation of many nutritionally diverse foods within a single category, e.g. all milk, yoghurt and eggs were combined in one category, and all carbonated beverages in another. This made it impossible to assess the effects of price changes on close substitutes for many key foods e.g. full-fat versus reduced fat milk, or sugar-sweetened beverages versus sugar-free varieties. Understanding differences in price elasticity for close substitutes is important for food policy analyses concerned with reducing population saturated fat and sugar consumption. Economic theory suggests that PEs for close substitutes will be greater than observed in studies where all possible substitutes are combined in one category. However, existing observational datasets are extremely limited in this regard. Given the policy importance of these more targeted price changes, research to derive price elasticity values for close food substitutes is urgently required.
Implications for policy
The effects of cigarette taxes on smoking prevalence demonstrate significant potential of pricing policies to modify behaviour [30] . Higher elasticity estimates suggest greater shifts in population purchases as prices change. From a public health perspective, more elastic demand for food is encouraging if change in demand is a priority. Our estimates suggest that a 10% tax on carbonated soft drinks could lead to a 13% decrease in population purchases of these products, whilst a 10% subsidy on fruit could lead to a 6.5% increase in purchases. Our most important finding is that low-income and Māori populations appear more sensitive to such price changes -similar to evidence that tobacco price elasticity is higher among low income populations. [17] Our results suggest that a 10% subsidy on vegetables would lead to a 6% increase in consumption by the highest income quintile, but a 11% increase in consumption among the lowest income quintile (Table 4) .
Conclusion
Although demand for food is relatively inelastic, the power of price changes to change consumer purchasing should not be underestimated given that effects accumulate across an entire population. The greater sensitivity of low-income and priority ethnic groups, such as Māori, to price changes suggests that targeted food pricing policies could alter the diets and nutritional health of these priority populations more than those of highincome and majority ethnic groups, thus making food pricing policy pro-health equity.
